Introduction: Detecting functional decline from normal ageing to dementia is relevant for diagnostic and prognostic purposes. Therefore, the Amsterdam IADL Questionnaire (A-IADL-Q) was developed: A 70-item proxy-based tool with good psychometric properties. We aimed to design a short version whilst preserving its psychometric quality. Methods: Study partners of subjects (n = 1355), ranging from cognitively normal to dementia subjects, completed the original A-IADL-Q. We selected the short version items using a stepwise procedure combining missing data, Item Response Theory and input from respondents and experts. We investigated internal consistency of the short version as well as concordance with the original version. To assess its construct validity, we additionally investigated concordance between the short version and the Mini-Mental State Examination (MMSE) and Disability Assessment for Dementia (DAD). Lastly, we investigated differences in IADL scores between diagnostic groups across the dementia spectrum. Results: We selected 30 items covering the entire spectrum of IADL functioning. Internal consistency (.98) and concordance with the original version (.97) were very high. Concordance with the MMSE (.72) and DAD (.87) scores was high. IADL impairment scores increased across the spectrum from normal cognition to dementia. Discussion: The A-IADL-Q Short Version (A-IADL-Q-SV) consists of 30 items. The A-IADL-Q-SV has maintained the psychometric quality of the original A-IADL-Q. As such, it is a concise measure of functional decline. 
Background
Dementia is a syndrome characterized by progressive cognitive decline and significant interference in daily function [1] . The first observable problems in daily life often concern the Instrumental Activities of Daily Living (IADL). IADL can be defined as 'complex activities for which multiple cognitive processes are necessary', such as cooking, managing finances and driving [2] . Detecting functional decline along the continuum from normal ageing to dementia is highly relevant for a number of reasons. First of all, subtle IADL problems may already be present in subjects with Mild Cognitive Impairment (MCI) and predict progression to dementia [3] [4] [5] . This suggests that assessment of IADL can be used to select MCI subjects at an increased risk for dementia [6] . Once a diagnosis has been established, measuring IADL performance remains essential for the monitoring of clinical progression [7] . Lastly, IADL assessment plays a pivotal role in clinical trials, particularly in the evaluation of symptomatic treatment in dementia due to Alzheimer's disease (AD) [8] [9] [10] .
IADL performance is often measured using proxy-based questionnaires [11] . Unfortunately, most of these questionnaires suffer from serious limitations. They focus on everyday activities that are outdated and less relevant for patients in the early stages of dementia [12] . Furthermore, psychometric properties such as reliability, validity and responsiveness are often questionable or overlooked [13] . Recent studies have pointed out that improvements in IADL instruments are necessary, especially for detecting IADL problems in MCI and the early stages of dementia [14] [15] [16] [17] .
To overcome the above mentioned drawbacks of existing IADL scales, Sikkes et al. developed the Amsterdam IADL Questionnaire (A-IADL-Q). The A-IADL-Q is a 70-item proxy-based tool and was developed with input from clinicians, patients and caregivers [18] . Previous studies have reported good psychometric properties with respect to reliability, validity, responsiveness and diagnostic accuracy in dementia [19] [20] [21] . One disadvantage of the A-IADL-Q is its length, resulting in an administration time of 20-25 minutes. Additionally, respondents often report that some items are redundant or unclear. To facilitate its administration and implementation on a wider scale, we aimed to design a short and more concise version of the A-IADL-Q.
The present paper describes the development and validation of a short version of the A-IADL-Q. We aimed to select the most informative items, using a combined approach of quantitative and qualitative methods. We expected that the short version would maintain the good psychometric quality of the original A-IADL-Q. Additionally, we expected that IADL scores based on the short version would differ between diagnostic groups across the spectrum from normal cognition to dementia.
Methods

2.1.
Subjects. We selected 1355 subjects with different levels of cognitive functioning, ranging from normal cognition to dementia. Their study partner, mainly a spouse, relative or friend, completed the A-IADL-Q. We included subjects from neurological memory clinics of the VU University Medical Center (VUmc) Alzheimer Center, Amsterdam, The Netherlands (n = 1117), and the Alzheimer Center Rotterdam, The Netherlands (n = 32) and from the geriatric memory clinic of the VUmc, Amsterdam, The Netherlands (n = 102). All these subjects underwent a dementia assessment, including clinical history, medical and neurological examination, screening laboratory tests, a neuropsychological test battery and brain imaging [22] . During this visit, study partners completed the A-IADL-Q on an iPad. Subjects' diagnoses were made in a multidisciplinary diagnostic meeting, containing at least a neurologist or geriatrician [3, 22, 23] .
We included cognitively normal subjects (n = 104) from the Amsterdam site of the preclinAD cohort of the European Medical Information Framework for Alzheimer's disease (EMIF-AD) project. Inclusion criteria for this cohort were: age ≥ 60, Modified Telephone Interview for Cognitive Screening > 22; Geriatric Depression Scale < 11; Consortium to Establish a Registry for Alzheimer's Disease 10 word list delayed recall > 1.5 SD of age adjusted normative data; and Clinical Dementia Rating score of 0 with a score on the memory sub-domain of 0 [24] [25] [26] [27] . During the baseline visit, study partners completed the A-IADL-Q on an iPad.
Data were collected between October 2012 and August 2015. All subjects gave written informed consent and all study partners gave oral informed consent. The Medical Ethical Committee of the VU University Medical Center approved the study.
2.2.
The Amsterdam IADL Questionnaire. The original A-IADL-Q is a proxybased scale with 70 items covering a broad range of cognitive IADL [18] . The items can be divided into eight subcategories: household, administration, work, computer use, leisure time, appliances, transport and other activities. The A-IADL-Q is computerized and has an adaptive approach as the items are tailored to individual responses (see Figure 1) . This results in a minimum of 47 and a maximum of 70 items for each respondent. Prior to the start, it is emphasized that the questionnaire addresses day-to-day problems caused by cognitive problems, such as memory, attention, or planning problems. Difficulty in performance is rated on a 5-point Likert scale, ranging from 'no difficulty in performing this task' to 'no longer able to perform this task'. Scoring is based on Item Response Theory (IRT): a paradigm linking responses to a test battery to an underlying construct (or latent trait) [28] . For the A-IADL-Q, the construct underlying the items can be termed 'IADL performance'. That is, the latent trait reflects IADL impairment with higher estimated trait levels indicating more impairment.
Linking the probabilities of category-specific item responses to latent trait levels is based on an IRT model [28] . For the A-IADL-Q, the Graded Response Model (GRM) is used: a polytomous IRT model appropriate for items with ordinal response categories [29] . In the GRM, each item is characterized by a discrimination parameter (α) and 4 extremity parameters (β's; the number of response categories minus 1). The discrimination (or slope) parameter indicates how well an item discriminates between individuals with differing trait levels: higher discrimination parameters suggest higher ability to differentiate. The extremity (or category threshold) parameters represent the trait levels that mark the transition between response categories (in terms of cumulative probabilities for endorsement) [29] . An important advantage of IRT is that one's level of the latent trait can be estimated from any set of items for which the parameters are known. Therefore, IRT is able to handle missing data that may result from an adaptive approach. IRT is often preferred over classical scoring methods for scale development and refinement: it advances the development of more efficient scales by supporting item-reduction whilst preserving measurement precision [30, 31] . The following basic assumptions underlie the IRT framework: (1) Unidimensionality, implying that a single latent trait underlies the items; (2) Local independence, which implies independence of item responses conditional on the latent trait; and (3) Monotonicity, implying that the probability of endorsing (a category-specific response to) an item should increase as the trait level increases [32] . Previous work showed that the A-IADL-Q could be adequately described by a single latent factor and that the assumptions of local independence and monotonicity were met as well [19] . Since the current study contains a larger and more heterogenic sample, we have assessed these basic assumptions again.
Procedures.
We divided the total sample into a training (n = 677) and validation set (n = 678), to use independent samples for the development and validation of the short version. We randomly split the Alzheimer Center Rotterdam, the VUmc geriatric and the cognitively healthy cohorts. We conducted an alternative split procedure for the VUmc Alzheimer Center cohort (n = 1117), as a subsample (n = 206) of this cohort was used for the validation of the original A-IADL-Q. We therefore assigned this entire subsample to the current training set. From the remaining subjects (n = 911) we randomly assigned 35% to our training set and 65% to our validation set, to ensure that both sets had equal group sizes.
2.3.1. Development procedure. Item selection was performed in the training set, using a stepwise procedure that combined missing data, IRT and content aspects. As shown in Figure 1 , a response is scored as missing when (1) the particular task has not been performed due to other reasons rather than cognitive problems or (2) the study partner does not know whether the subject has performed that particular task in the past four weeks. Items with higher percentages of missing responses give us a less direct view of cognitive IADL, and are thus less applicable for our goal. We therefore eliminated items with more than 80% overall missing data. Items with more than 60% missing data in all diagnostic groups were candidates for elimination.
IRT analyses. We explored whether all items met the basic assumptions for IRT and eliminated items that did not meet these conditions. In the subsequent refitting rounds, we used IRT to identify items that contributed little unique information to the model, as reflected in either low item information values (an index representing the precision with which the trait is measured) or overlapping Item Information Curves (IIC's; a mapping of the item information to the domain of the trait indicating how the information is distributed over the trait) with other items. After each elimination round, the GRM was refitted and an overall fit-assessment was performed. This resulted in new item parameters and IIC's that were used in the succeeding refitting round.
Content aspects. Comprehensibility was investigated in two ways: (1) by inspecting the comments that respondents provided in the 'comment box' after completing the A-IADL-Q; and (2) performing thinking-out-loud interviews in a subsample of respondents (n = 17) whilst they were completing the A-IADL-Q. Items that were often commented as unclear or redundant, in either the comment box or interview, were candidates for removal. Furthermore, we investigated relevance and cultural applicability of all A-IADL-Q items with an online survey that we distributed among international experts. Between February 2016 and May 2016, we distributed the survey through contacts of the authors (R.J.J. and S.A.M.S.) via Qualtrics (www.qualtrics.com). All respondents (n = 33) were clinicians or researchers representing 7 countries, and had experience with the administration or cross-cultural validation of the A-IADL-Q. They were asked to rate the necessity of each original A-IADL-Q item for inclusion in the short version on a visual analogue scale (VAS) ranging from 0 ('not necessary at all') to 100 ('very necessary').
Validation procedure.
To confirm the quality of the final short version, we investigated missing data patterns, experts' ratings, adherence to IRT assumptions, as well as the overall fit of the short version items in the validation set. We subsequently investigated internal consistency of the short version and concordance between sum scores derived from the short and original version. To assess construct validity [33] , we investigated the relationship between the short version and measures of global cognition (Mini-Mental State Examination; MMSE [34] ) and daily function (Disability Assessment for Dementia; DAD [35] ), which were available for the VUmc Alzheimer Center cohort. Based on previous results [19] , we expected moderate-to-high concordance between the short version and MMSE and DAD scores. To assess interpretability of the short version, we investigated differences in scores between six diagnostic groups that should represent different trait levels: (1) normal cognition (NC); (2) subjective cognitive decline (SCD); (3) mild cognitive impairment (MCI); (4) dementia due to AD (AD dementia); (5) dementia other than AD (non-AD dementia); and (6) another neurological or psychiatric disorder than dementia (Other).
Statistical analyses.
Statistical analyses were performed using R and SPSS version 20.0 [36, 37] . Statistical significance (for multiplicity corrections) was set at p < .05.
2.4.1. Development analyses. Item selection was partly based on IRT modeling. We used a GRM with a logit link function [29] . This model was fitted on the basis of approximate marginal maximum likelihood (MML) estimation [38] . The latent trait was assumed to follow a standard normal distribution. We assessed unidimensionality by performing an eigenvalue decomposition on the matrix of robust (Spearman) correlations between the items. A difference approximation to the second-order derivatives along the eigenvalue curve (scree plot) was calculated. This acceleration-approximation indicates points of abrupt change along the eigenvalue curve [39] . The number of eigenvalues before the point with the most abrupt change (the point with the maximum acceleration value) represents the number of latent dimensions that dominate the information content. Local independence was assessed by inspecting residual correlation matrices. We considered residual correlations above .25 as indicative of problematic item pairs. We evaluated the monotonicity assumption using Mokken scale analysis [40] . Items that gave at least 1 significant violation of manifest monotonicity and had a crit value over 30 were considered to violate latent monotonicity [41] . We assessed basic model fit by comparing nested models: we employed a likelihood ratio test (LRT) to evaluate if the full GRM provided a better fit than a constrained GRM with equal slope parameters across items [28] .
Validation analyses.
We fitted a GRM on the final set of retained items. Estimation and assumption evaluation for this model were performed as described above. This model was also compared to a constrained GRM as a means of basic model fit assessment. In addition, we evaluated global fitness of the final model with the comparative fit index (CFI) and root mean square error of approximation (RMSEA) [42] . Trait (or factor) scores were then based on empirical Bayes estimates: the mode of the posterior distribution of the trait given the retained items evaluated at the MML estimates. We calculated internal consistency of the retained items using a robust version of McDonald's omega [43] . We examined concordance between sum-scores derived from the short and original versions, as well as between short version sum-scores and MMSE and DAD scores, using Kendall's W [44] . To assess whether the short version scores differed between the diagnostic groups, we used a Kruskal-Wallis rank sum test on the trait scores followed by Dunn's pairwise test for multiple comparisons of mean rank sums (a nonparametric alternative to ANOVA followed by post-hoc tests) [45] . Multiple testing correction was based on the Bonferroni method.
Results
Sample and item characteristics.
The study sample consisted of subjects with NC (n = 104), SCD (n = 219), MCI (n = 138), AD dementia (n = 413), non-AD dementia (n = 235) and 246 subjects with other diagnoses. Table 1 shows subject characteristics for the total sample and for the training and validation set separately. There were no age and gender differences between the two sets. The MCI group was slightly larger in the training set, whilst the non-AD dementia group was slightly larger in the validation set. Missing responses on item level in the training set ranged from 10.5% ('preparing sandwich meals') to 92.8% ('programming a video recorder'). Approximately half of the original version items (36/70) contained more than 50% missing data. Mean ratings from the 33 experts ranged from 23.9 ('programming a video recorder') to 86.9 ('paying when doing the shopping'), with an overall mean score of 62.3 (SD = 14.9). Figure 2 provides a flow-chart of the item selection procedure. Our first step included the removal of 2 items that violated the assumption of monotonicity, together with 7 items that contained more than 80% missing data. After the second round, we removed 11 items with missing responses above 60% in all diagnostic groups and contributing little information to the model (item information < 3.0). After the third round, we removed 8 items that received low ratings of experts (mean rating < 50) and had often been commented on as either unclear or redundant by respondents. We thereafter removed 6 items with overlapping IIC's and overlapping content with other items within the same activity category (e.g. 'cooking' versus 'preparing hot meals'). Of these overlapping pairs, we removed the one containing higher missing data and lower content rating. After the fourth round, we removed 4 items that were often perceived as unclear and showed overlapping IIC's with more specific items (e.g., 'looking for important things at home' versus 'looking for his/her keys'). Lastly, we removed 2 items due to disputable item characteristics and additional comments of experts. Following this, we refitted the model with the remaining 30 items and concluded that further shortening was unnecessary. All 30 retained items in the training set were deemed to contribute substantially unique information to the latent trait. The full GRM model improved fit upon the constrained GRM model (LRT value = 98.01, df = 29, p < .001).
Development of the short version.
3.3.
Validation of the short version. The final selection of items can be found in Column 1 of Table 2 . This selection adheres to all assumptions underlying the IRT framework. The maximum acceleration factor on the consecutive eigenvalues of the robust correlation matrix occurs at the second eigenvalue (with a value of 1.26), implying that the first eigenvalue (with a value of 17.09) dominates the information content. Hence, a single latent dimension is sufficient. Moreover, no item pair sorted a residual correlation above .25 and no item displayed significant violations of manifest monotonicity. Table 2 also presents information on missing percentages and the estimated GRM parameters based on the validation set. The last column shows the experts' ratings. As can be seen, all retained items contain less than 60% missing data and most items (26/30) had less than 50% missing data in the validation set. The extremity parameters were spread along the latent trait continuum (ranging from −4 to +4), which is also illustrated by the IIC's presented in Figure 3 . For most items, item information values were above 3 (on a total information of 163.68). Lastly, all short version items received medium to high ratings from experts.
The full GRM model provided better fit on the validation data than the constrained GRM model (LRT value = 6644.47, df = 29, p < .001). The overall fit of the final model was considered good: CFI = .994, RMSEA = .032. Internal consistency of the short version was very high (robust McDonald's omega = .98). Concordance between the item sum-scores of the short version and the original version also was very high (Kendall's W = .97). Concordance with the MMSE (Kendall's W = .72) and DAD (Kendall's W = .87) were high. Table 3 presents the clinical characteristics of the different diagnostic groups within the validation set. Figure 4 represents the trait score distributions for each diagnostic group. It can be seen that this score seems to increase from normal cognition to dementia. The variances of the trait scores were not equal between diagnostic groups. Hence, a nonparametric test was employed to assess diagnosticgroup-differences between latent trait scores as derived from the final GRM model. Table 2 . Final selection of the short version items, including their missing data percentages, GRM parameters, item information values and content ratings by experts. Abbreviations: GRM = Graded Response Model, α = discrimination parameter, β's = extremity parameters. NOTE: Percentage missing, parameter estimates and information characteristics are based on the validation set. Expert ratings were made per item on a visual analogue scale ranging from 0 to 100. The Kruskal-Wallis rank sum test indicated that the mean trait score ranks of the diagnosis groups indeed differed (χ 2 = 187.01, df = 5, p < .001). Pairwise comparisons (Dunn's test) with Bonferroni correction indicated the following pairwise differences: (1) NC versus all other groups (all corrected p-values < .001); (2) SCD versus AD dementia, non-AD dementia and Other group (all corrected p-values < .001); and (3) MCI versus AD dementia (corrected p-value = .002).
Discussion
We designed a short version of the A-IADL-Q (A-IADL-Q-SV) containing 30 items. We thereby reduced administration time by approximately 10 minutes. We showed that, although significantly shorter, the A-IADL-Q-SV has maintained the psychometric quality of the original version. We demonstrated adequate measurement precision along the entire spectrum of IADL functioning. Short version scores were in high concordance with the MMSE and DAD, which supports the construct validity of the A-IADLQ-SV. We also found that the A-IADL-Q-SV could differentiate between various diagnostic groups with respect to IADL impairment. The current study expands on previous work on the A-IADL-Q, which already demonstrated good psychometric quality of the scale [18] [19] [20] [21] . The A-IADL-Q-SV contains only the most informative items, and thereby possible 'noise' caused by less informative or ambiguous items has been reduced. Because of its reduced length, the A-IADL-Q-SV may be perceived as a more user-friendly measure. The use of shorter tests is also encouraged from a psychometric point of view: a short form containing items of the same quality as the original form may yield less measurement error and thus be more reliable [28] . Longer tests are more likely to suffer from acquiescence bias and missing responses. Using the A-IADL-Q-SV may overcome these test-length related drawbacks.
Our findings suggest that the A-IADL-Q-SV can already detect IADL problems in subjects with SCD and MCI, which is in line with previous studies that report subtle functional impairment in these groups [46] [47] [48] . We found that IADL scores differed between subjects with NC and SCD. This is of particular interest since both groups are characterized by the absence of objective cognitive impairment, although SCD subjects may be at higher risk of developing dementia [49] . The A-IADL-Q-SV might thus be able to detect subtle functional decline that appears in preclinical stages of dementia, suggesting that it could be a promising measure for clinical trials in these earliest stages [10, 50] .
Strengths of this study include our large and heterogenic sample with subjects covering a broad range of the IADL spectrum along the continuum from normal ageing to dementia. Another strength is the use of a validation set to replicate findings derived from the training set. After splitting the total sample, the training and validation set both contained more than 500 subjects, a number that is recommended for estimating accurate parameters based on the GRM [51] . Finally, combining statistical methods with input from respondents and experts is an important strength of this study, as it preserved both the psychometric quality and clinical relevance of the A-IADL-Q-SV.
There are some limitations that should be considered. Among them are our relatively small NC group, due to the fact that most subjects were recruited via memory clinics. Secondly, previous studies have shown that proxy-based IADL measures may be confounded by respondent characteristics such as caregiver burden and depression [52] . We did not take these characteristics into account in the current study. However, Sikkes et al. showed low correlations between the original A-IADL-Q, caregiver burden and depression, indicating limited confounding by these variables [19] .
Further research is needed to examine whether the A-IADLQ-SV is sensitive to changes over time within subjects. We will investigate the A-IADL-Q-SV longitudinally in subjects with MCI and early dementia, in order to determine whether it could be an effective measure for monitoring disease progression and evaluating disease-modifying therapies. Since the research field is shifting towards preclinical stages of dementia, it is also relevant to further investigate the A-IADL-SV in subjects with SCD and the relation between IADL scores and dementia biomarkers in this group.
To conclude, we developed a short version of the A-IADL-Q, which is a concise instrument to efficiently measure functional decline in the early stages of dementia. The A-IADL-Q-SV has retained the good qualities of the original A-IADL-Q; hence, we expect the short version to be a promising outcome measure for daily function in dementia research as well as in clinical practice.
